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ABSTRACT 
Background. CD4 counts at entry to care are an important indicator of care engagement among 
HIV patients. The relationship between geographic, structural, and economic characteristics and 
HIV care engagement is not well understood. 
Methods. An exploratory Gi* clustering analysis was conducted to visualize the UNC Infectious 
Disease Clinic patient population, assess geographic clustering of CD4 counts at entry to care, 
and adjust for covariates. Generalized estimating equations were used to account for patient 
clustering into census tracts. Bivariate associations were explored, and a final model was fit, 
including educational attainment as the only community-level covariate. 
Results. There was significant clustering of high CD4 counts at entry to care in Orange and 
Durham counties, the counties nearest the UNC Infectious Disease Clinic. African-American, 
non-Hispanic patients had on average 9 percent lower CD4 counts at care imitation compared to 
their white counterparts, while Hispanic patients had on average 31 percent lower CD4 counts at 
care initiation compared to their white peers. A ten percent decrease in educational attainment 
was significantly associated with a 3.1 percent decrease in CD4 counts at care initiation. 
Conclusion. Educational attainment, in addition to individual determinants of health, is 
associated with CD4 counts at care initiation. Clinicians and public health leaders must be aware 
of the communities in which patients reside, as well as the risk factors particular to the individual 
patient, in order to treat the patient holistically. 
 
INTRODUCTION 
CD4 count is the most important laboratory indicator of immune function in HIV patients 
(DHHS Panel). Low CD4 counts indicate immunosuppression, which increases a patient’s 
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likelihood of contracting opportunistic infections. These occur more frequently and are more 
severe in people with suppressed immune systems, especially people living with HIV (PLWH) 
(CDC AIDS and Opportunistic Infections, 2018). CD4 count is measured regularly in clinical 
care and helps inform the patient’s course of treatment. Patients with low CD4 counts may 
receive OI prophylaxis and be assessed for other conditions including certain HIV-associated 
malignancies (CDC Panel on Opportunistic Infections, 2019). Additionally, a patient’s nadir 
CD4 count is an important prognostic marker. Even if a patient achieves viral suppression after 
initiating ART at a low CD4 count, they remain less likely to regain full immune function 
compared to patients who initiate ART at higher CD4 counts (Moore et al., 2007; Palella et al., 
2016). 
For all of these reasons, clinicians and public health professionals aim to detect, diagnose, 
and treat HIV before patients’ CD4 counts reach critically low levels. Moreover, diagnosing 
individuals with HIV and linking them to clinical care is relevant to decreasing HIV transmission 
since individuals successfully treated with ART are less likely to transmit HIV to others (Cohen 
et al., 2016). Unfortunately, this standard is not always met. In fact, mean CD4 cell count at 
entry to care has not appreciably increased since the early 1990s, despite interventions aiming to 
detect and diagnose HIV earlier in the disease’s progression (Lesko et al., 2013). PLWH remain 
susceptible to a low quality of life, opportunistic infections, and mortality as a result of this 
failure to promptly diagnose and treat HIV infection. 
The aforementioned concerns apply to all HIV-infected individuals. However, it is well-
known that race (Hemmige et al., 2012), gender (Tillerson et al., 2008), sexual orientation 
(Millet et al., 2007), income level (Pettifor et al., 2012), education (Buot et al., 2014), and other 
factors contribute to disparities in HIV testing, diagnosis, access to care, and clinical outcomes 
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(Dehghani et al., 2017; Castel et al., 2016; Lesko et al., 2017). The purpose of the present study 
was to investigate factors associated with CD4 count at entry to care, where CD4 count at care 
initiation was used as a proxy for late HIV testing, diagnosis, and care initiation. Importantly, 
this study considered the effect of particular community-level factors on CD4 counts at care 
initiation, in addition to previously studied individual characteristics. Neighborhood 
characteristics are associated with risk behaviors for HIV acquisition (Tenkorang et al., 2014), 
and previous studies have encouraged practitioners to strongly consider the role of the 
community in the health of their patients (Cené et al., 2011). Since the data used in this study 
were particular to the UNC Infectious Disease (ID) Clinic, this project aimed to more rigorously 
study how the communities in which UNC’s patients live affect health and timely health 
intervention. 
The characterization of communities in which PLWH reside is important for furthering 
the study of HIV. While the role of communities in affecting HIV outcomes has been shown 
(Tenkorang et al., 2014), investigators have come to various conclusions concerning the effects 
of patient residence on HIV determinants and outcomes. For instance, one study examined the 
effects of population density on perceived HIV-related stigma, an important determinant among 
PLWH. While the investigators found that PLWH in rural areas experienced greater stigma than 
those living in urban areas, they hypothesized contradictory causes. They conceded that while 
the social conditions of rural places might cause stigma, it is possible that stigma caused urban-
dwelling PLWH to relocate to rural areas (Kalichman et al., 2017). Another study found that 
structural barriers like drive time to HIV clinics prevented rural patients from receiving 
necessary care. However, the study also found that racial and ethnic minorities, who tend to live 
in urban areas (Parker et al., 2018), face structural barriers similar to PLWH from rural areas 
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(Kimmel et al., 2018). Even in global contexts, investigators have demonstrated the 
deconstruction of a strict rural-urban divide in HIV determinants and outcomes. In the 
Democratic Republic of the Congo, it was once the case that increased distance to urban centers 
was protective against HIV. However, as of 2013, rurality was no longer protective and HIV 
prevalence had increased in rural areas (Carrel et al., 2016). 
In response to findings such as these, recent studies have called for further investigation 
of the geographic, socioeconomic, and structural forces that are associated with poor HIV 
outcomes (Rebeiro et al., 2016; Rebeiro et al., 2018). The previously-cited studies show that 
categorizing patients simply by their place of residence (rural or urban location), or exclusively 
by their socioeconomic status or race, is not sufficient to understand the various factors affecting 
HIV outcomes. Accounting for geographic, economic, and social forces is imperative if 
clinicians and public health officials are to understand how best to serve PLWH (Rebeiro et al., 
2016). Therefore, the present study aimed to consider the effects of a variety of individual and 
community level factors on patients’ CD4 counts at entry to care, which is both indicative and 
predictive of various determinants and outcomes of HIV. 
 
METHODS 
Study population and inclusion criteria. Data for the present study were obtained from the 
University of North Carolina Center for AIDS Research HIV Clinical Cohort study (UCHCC). 
The UCHCC is a prospective clinical cohort of over 5,000 HIV-infected adults followed at UNC 
Hospitals since January 1, 1996. This cohort has been described elsewhere in detail (Napravnik 
et al., 2006). 
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Patients were included in this study if they were HIV-infected, at least 18 years of age, 
not transgender, North Carolina residents, entered care after December 31, 1995, and were able 
to be geocoded. Regarding the final criterion, patients were included whose addresses matched to 
one of three precision levels: 1) a point location; 2) a street address; or 3) a street name. These 
are listed in order of descending precision, where point location is the most precise geocoding 
match and street name is the least precise geocoding match. Some patients matched to imprecise 
geographic regions, like ZIP codes, for various reasons. For some, the address on record was a 
post office box. For others, the address on record did not correspond to a currently-inhabited 
residence. Other factors may have influenced geocoding precision. All patients who matched to 
ZIP code centroids or less precise geographic locations were excluded from this study. All 
patients were geocoded in ArcMap 10.5.1, a geographic information software from ESRI. In 
total, 2,725 patients were included in this study. 
Data collection for the UCHCC and this secondary data analysis were approved by the 
UNC Institutional Review Board. (The study ID of this secondary data analysis is 18-2978; its 
submission number is 233309.)	
 
Measures. The outcome of interest for this study was CD4 count at entry to care, which serves 
as a proxy for HIV care engagement – whether patients are received into care promptly after HIV 
acquisition. The outcome was defined as the CD4 count that was obtained at the earliest time 
after entry to care for HIV at any clinic (i.e., not just the UNC ID Clinic). In addition to the 
outcome variable, general demographic information (gender, age, and race) was included. Lastly, 
at the individual level, sexual risk factors (including male sexual contact with males, male sexual 
contact with females, and female sexual contact with males), injection drug use, and other risk 
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factors (including perinatal transmission, receipt of a blood transfusion, or work in a laboratory 
setting) were included (Lopes et al., 2017). 
Patients were then partitioned into two groups according to year of entry to care. Patients 
who entered care at any point between 1996 and 2005 were considered to be represented by the 
2000 Decennial Census, whereas patients who entered care between 2006 and 2018 were 
considered to be represented by the 2010 Decennial Census. In ArcMap, patients were spatially 
joined to the census tract in which they resided at entry to care. Tracts can but do not always vary 
by census year, so patients in the 2000 entry group were associated with the census tracts used 
for tabulation of the 2000 Decennial Census, while patients in the 2010 entry group were 
associated with census tracts used for tabulation of the 2010 Decennial Census. 
At the tract level, variables of interest included median age within the tract, proportion of 
male residents, proportion of mothers acting as heads of household (Angel et al., 1988), 
proportion of the population of the tract who terminated their education at or before graduation 
from high school (henceforth referred to simply as “educational attainment”) (Hasnain et al., 
2007), the median household income within the tract (Pettifor et al., 2012), the percentage of 
residents below the poverty line (Rebeiro et al., 2016), and the proportion of residents of the tract 
who are African-American (Rebeiro et al., 2018). 
 
Statistical analysis. The analysis was completed in two parts. First, an exploratory analysis was 
conducted in ArcMap 10.5.1. Patients were geocoded and spatially joined to the 2010 Decennial 
Census tract corresponding to their residence, for the purpose of mapping. Patient counts by 
census tract are displayed in Figure 1. 
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Next, the Optimized Hot Spot Analysis tool in ArcMap was used to identify significant 
clusters of patients with high and low CD4 counts at entry to care. This tool uses the Getis-Ord 
Gi* statistic and a set of optimized parameters to evaluate the spatial clustering of a covariate. 
Appendix 1 offers more information about this tool and the Gi* statistic. The results of this 
procedure are displayed in Figure 2. The same tool was employed to assess the clustering of 
residuals obtained from negative binomial regressions. The purpose of assessing the clustering of 
residuals was to investigate the effect of the non-uniform spatial distribution of certain HIV risk 
factors on patient care engagement. By performing a clustering analysis on residuals obtained 
from a set of negative binomial regressions with a single dependent variable per regression, maps 
were generated to observe potential alterations in the clustering patterns of CD4 counts at care 
initiation. It was assumed that sexual risk factors, injection drug use, and race are not spatially 
uniformly distributed (Hixson et al., 2011; Heimer et al., 2008; Sheehan et al., 2016). Likewise, 
it was assumed that median income at the tract level is not uniformly distributed (Janikas et al., 
2004). Thus, CD4 count at entry to care was regressed onto covariates measuring sexual risk 
factors, injection drug use, race, and median income at the tract level. Clustering was assessed 
based on the residual values obtained from these regressions. Maps were generated that display 
the clustering patterns at the tract level. These maps are presented in Figures 3 and 4. 
General descriptive statistics are provided for the relevant covariates in Table 1. 
Associations between the outcome of interest and relevant covariates were estimated using 
PROC GENMOD in SAS 9.3 (SAS Institute, Cary, NC). Generalized estimating equations were 
used to account for the clustering of data into tracts. A log link function and exchangeable 
working correlation structure were specified (Ballinger et al., 2004). These models assumed a 
negative binomial distribution of the outcome. Since the outcome is a count, a random variable 
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of the exponential family is suitable. A negative binomial distribution was used in particular 
because exploratory analyses indicated that the outcome variable was overdispersed; that is, its 
variance was much larger than its mean, and thus violated the Poisson assumption that the mean 
and variance are the same (Ying et al.; Booth et al., 2003; Molenberghs et al., 2010; 
Molenberghs et al., 2007). The bivariate associations calculated according to this analysis 
method are displayed in Table 2. 
Lastly, a model was fit using the same analysis method described above. Although the 
hypothesized model contained most of the covariates listed in Tables 1 and 2, a revised final 
model is presented. The hypothesized model contained two errors which are remedied in the 
final model. First, it contained structural zeros. Both patient gender and sexual risk factors were 
included in the proposed model. All women, therefore, could not have the risk factor for male 
sexual activity with males (MSM). To solve this issue, patient sex, MSM, and heterosexual 
contact were encoded in the same variable. Four mutually exclusive, exhaustive categories were 
generated: male sex with males, which comprised all men with the MSM risk factor; male sex 
with females, which comprised all men with the heterosexual contact risk factor and without the 
MSM risk factor; female sex with males, which comprised all females with the heterosexual 
contact risk factor; and no sexual risk factors, which included all people who had neither the 
MSM nor heterosexual contact risk factors. Secondly, particular tract-level covariates in the 
hypothesized model were collinear, most notably the proportion of individuals with low 
educational attainment, the proportion of individuals below the federal poverty level, and the 
median income. To eliminate severe collinearity, the proportion of individuals below the federal 
poverty level and median income were removed from the final model, and the proportion of 
individuals with low educational attainment remained. Appendix 2 provides more detail on 
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model selection and Appendix 3 explicitly defines the final model. Parameter estimates and 
confidence intervals for the final model are given in Table 3. 
 
RESULTS 
A total of 2,725 individuals were included in the study. These individuals entered the UNC ID 
Clinic between January 1996 and June 2018. Included patients had a mean CD4 count at entry to 
care of 366.8 cells/mm3, and a median age of 51 years (see Table 1). The study population was 
disproportionately male (72%) and of African-American race (60%). Eleven percent of patients 
reported injection drug use, and 62 percent of men reported sex with men as a mode of HIV 
transmission. Patients were clustered at the census tract level, so tract-level data were procured 
and summarized as well. Overall, patients resided in 831 unique census tracts, based on the 
census tract boundaries used in the 2010 Decennial Census. Among these tracts, the mean 
proportion of the tract population below the poverty level was 15.1 percent (standard deviation: 
10.2%). On average, 44.3 percent (SD: 18.2%) of each tract population had a high school degree 
or less, and 28.8 percent of each tract population was African-American (SD: 21.2%). 
 Exploratory mapping analyses indicated that most patients who received care at the UNC 
ID clinic resided in central North Carolina, with a large proportion of patients from Orange and 
surrounding counties, as well as rural regions south and southeast of Orange County (Figure 1). 
The clustering analysis revealed a cluster of significantly higher CD4 counts at entry in the 
Orange and Durham county vicinity (Figure 2). This cluster persisted, with slight aberrations, 
through each phase of risk factor adjustment (Figures 3 and 4). The most significant clustering 
was observed in Durham County. Though many patients from Wake County receive care at the 
UNC ID Clinic (located in Orange County), there was not significant clustering of high CD4 
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counts within the county. Adjusting for sexual risk factors, race, injection drug use, and tract-
level median income in separate analyses revealed small changes in the clustering pattern around 
Orange and Durham Counties. Notably, these visible changes occurred in census tracts located in 
rural areas in close proximity to urban ones, especially the group of tracts directly north and 
south of Durham County. This suggests that the risk factors explored contribute in various ways 
to HIV care engagement depending on the location under consideration. 
Table 2 displays the results of the bivariate regression models described in the statistical 
analysis section. Of note are the bivariate associations between CD4 count at care initiation and 
gender, sexual contact risk factors, race, and tract-level educational attainment. First, in a given 
tract the mean CD4 count at entry to care among women is 10 percent higher than it is among 
men. Second, the sexual contact risk factors are each significantly associated with CD4 count at 
entry to care compared to the referent category, no sexual contact risk factors. In a given tract, 
the mean CD4 count at entry among males who have sex with males is 14 percent higher than 
patients who have no sexual contact risk factors, and 16 percent higher among females who have 
sex with males compared to the referent category. However, males who have sex with females 
have a 13 percent lower mean CD4 count at entry to care compared to those with no sexual risk 
factors. Third, African American, non-Hispanic patients in a given tract had a mean CD4 count 
at entry to care 10 percent lower that of white patients in the same tract, while Hispanic patients 
in a given tract had a mean CD4 count at entry to care 29 percent lower than that of white 
patients in the same tract. Finally, a ten percent increase in the proportion of a tract population 
with low educational attainment is associated with a 4.3 percent lower CD4 count at care 
initiation in bivariate analyses. 
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Lastly, Table 3 displays the parameter estimates, confidence intervals, and significance 
levels for each covariate included in the final model described in the statistical analysis section. 
Most notably, African-American, non-Hispanic patients have 9 percent lower CD4 counts at care 
initiation on average compared to their white counterparts, and Hispanic patients have 31 percent 
lower mean CD4 counts at initiation of care compared to their white peers. Educational 
attainment, the only tract-level covariate retained in the final model, was significantly associated 
with the outcome of interest. A ten percent increase in the proportion of a tract population with 




This study was conducted to test the hypothesis that community level factors, such as 
educational attainment, are associated with HIV care engagement. According to the proposed 
model, a ten percent increase in community-level educational attainment is associated with a 3.1 
percent lower mean CD4 cell count at care initiation. Therefore, community level determinants 
such as educational attainment are associated with care engagement and must be considered in 
the overall planning and implementation of interventions to improve HIV outcomes (Latkin et 
al., 2013; Strathdee et al., 1998). This study also confirms the literature in its finding that race 
matters considerably for mean CD4 cell counts at entry to care. African-American and Hispanic 
patients have far lower mean CD4 cell counts at care initiation compared to their white peers 
(Losina et al., 2009; Sheehan et al., 2016; Sheehan et al., 2017). 
 These findings, coupled with the results of the exploratory geographical analyses, reveal 
much about the characteristics of the patient population of the UNC ID Clinic, and they may 
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shed light on how clinicians can best serve their patients who are living with HIV. First and 
foremost, these findings suggest that health care providers, public health workers, and 
community stakeholders must be sensitive to the particular challenges and strengths of 
communities. One’s individual health behaviors influence their health, but one’s community is at 
least associated with their well-being, too. In particular, this study showed that CD4 count at 
entry to care, a measure that matters considerably for the quality of life of PLWH, is associated 
with community level educational attainment. Therefore, understanding the health-influencing 
characteristics of communities is essential to effective patient care. 
 Additionally, these findings communicate the persistent disparity in health – particularly 
HIV care engagement – between racial and ethnic minorities and the majority. Racial and ethnic 
minorities exhibit significantly lower CD4 counts at entry to care for HIV compared to whites. 
Thus, clinical treatment, future research, and those concerned with the public health of North 
Carolina communities cannot omit race as a factor for their consideration. 
Lastly, these findings reaffirm the importance of preventive education and outreach in at-
risk communities. HIV-related outreach and education can and should target at-risk individuals, 
but it should also target at-risk communities and the upstream determinants of community health, 
such as educational attainment, that are somehow related to delayed HIV diagnosis and 
decreased care engagement. 
This study has three main limitations. First, data from the UCHCC are not comprehensive 
with regard to patient coverage. The UCHCC contains information on the patient population at 
the UNC ID Clinic but excludes two other major HIV care centers in the state of North Carolina: 
Duke University and Charlotte-area hospitals. Therefore, the geographic distribution of patients 
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is limited because it does not capture the entire state, and the patient population constitutes only 
those patients who have received care at UNC. 
To remedy this limitation, it is necessary to better understand the service areas of North 
Carolina’s major HIV care centers: Charlotte-area hospitals, Duke University, and UNC 
Hospitals. These centers can be associated with catchment areas. These are defined locations 
from which each center draws patients. Catchment areas can be conceived in multiple ways. A 
naïve approach would define the catchment area as a particular radius around each care center, 
while a more complex solution would define the catchment area utilizing ArcMap’s Service Area 
Analysis tool (or using a comparable method), which uses street distance to conceptualize 
catchment areas rather than a strict radius (Service Area Analysis; Schuurman et al., 2006). 
Because of the proximity of UNC and Duke, the catchment areas for these centers might be 
combined into a single, expanded catchment area (Thomas et al., 1981). Whatever approach is 
ultimately chosen, specifying the catchment areas of each of the centers of HIV care in North 
Carolina would aid further investigations in identifying the communities which most often utilize 
care at each center. 
Second, a lack of potentially relevant individual-level variables hampered this study. 
Individual-level data on education and socioeconomic status would have helped to control for the 
effects of individual health determinants. The general hypothesis of this study was that 
community-level factors are associated with health outcomes and can compound the effects of 
individual-level determinants. Therefore, socioeconomic status variables (like insurance status, 
for instance), individual educational attainment, and similar covariates would have enabled the 
investigation of associations between community level factors and the outcome of interest 
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independent of individual behavior. This method of analysis may better answer the research 
question. 
Finally, this study would have benefited from the availability of 2020 Decennial Census 
data. Those patients who entered care at UNC toward the end of this decade were considered part 
of the 2010 Decennial Census. However, communities change over time. The figures from 2010 
do not necessarily characterize these patients’ communities. Data that better reflect the state of 
these patients’ communities near the time of their entry to care would have been preferred. 
This study’s strengths include its use of small geographic neighborhood areas, its large 
sample size, and its modeling method. Previous studies have called for smaller geographic 
regions for consideration in analysis. Others have grouped patients at the ZIP code or county 
level. In this study, patients are grouped at the tract level, which is a much smaller neighborhood 
area than either of the aforementioned alternatives. Additionally, the inclusion of almost 3,000 
patients aided this study in its geographic clustering analyses. Finally, the generalized estimating 
equations approach adequately accounted for the clustering of, and therefore correlation 
between, individuals. 
In conclusion, community level factors in addition to individual determinants of health 
are associated with CD4 counts at care initiation. Clinicians and public health leaders must be 
aware of the communities in which patients reside, as well as the risk factors particular to the 
individual patient, in order to treat the patient holistically. 
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TABLE 1. Summary statistics for demographic characteristics of 
the patient sample and the census tracts in which they live. 
Individual Characteristics (N = 2725) 
Characteristic n or Mean % or SD 
CD4 count at entry to care (cells/mm3) 366.8 294.7 
Sex   
Female 759 27.8 
Male 1966 72.2 
Race   
African-American, non-Hispanic 1626 59.7 
White, non-Hispanic 837 30.7 
Hispanic, any race 179 6.6 
Other 83 3.0 
Age (years) 51.0 12.6 
Sexual contact risk factors   
Male sex with males 1215 44.6 
Male sex with females 518 19.0 
Female sex with males 677 24.8 
No sexual risk factors 315 11.6 
Injection drug use   
Yes 300 11.0 
No 2425 89.0 
Other risk factors*   
Yes 308 11.3 
No 2417 88.7 
Census Tract Characteristics (N = 831) 
Characteristic Mean (SD)  
Proportion male 0.48 0.04 
Proportion of single mothers 0.09 0.05 
Proportion with HS diploma or less 0.44 0.18 
Proportion below FPL 0.15 0.10 
Proportion black race 0.29 0.21 
FPL: federal poverty level; HS: high school 
*Other risk factors include perinatal transmission, receipt of a blood transfusion, work in a 
laboratory setting 
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TABLE 2. Estimating bivariate regression parameters. 
Individual Level Covariates 
Covariate 𝐞𝐱𝐩(𝜷&) 
95% CI 
for 𝐞𝐱𝐩(𝜷&) P-value 
Sex    
Female 1.10 1.02, 1.17 0.010 
Male Reference – – 
Sexual contact risk factors    
Male sex with males 1.14 1.04, 1.26 <.001 
Male sex with females 0.87 0.78, 0.98 0.041 
Female sex with males 1.16 1.04, 1.29 0.001 
No sexual contact risk factors Reference – – 
Injection drug use    
Yes 0.90 0.81, 0.99 0.050 
No Reference – – 
Other risk factors*    
Yes 0.91 0.82, 0.99 0.050 
No Reference – – 
Race    
African-American, non-Hispanic 0.90 0.84, 0.96 0.002 
Hispanic, any race 0.71 0.62, 0.81 <.001 
Other 0.94 0.82, 1.09 0.427 
White, non-Hispanic Reference – – 
Age 0.99 0.98, 0.99 <.001 
Tract Level Covariates 
Covariate 𝐞𝐱𝐩(𝜷&) 
95% CI 
for 𝐞𝐱𝐩(𝜷&) P-value 
Median age 1.00 0.99, 1.00 0.189 
Median income 1.00 0.99, 1.00 0.077 
Proportion male 0.56 0.25, 1.23 0.145 
Proportion of single mothers 1.02 0.54, 1.91 0.956 
Proportion with HS diploma or less 0.64 0.55, 0.75 <.001 
Proportion below FPL 0.89 0.67, 1.18 0.403 
Proportion black race 1.02 0.88, 1.17 0.825 
FPL: federal poverty level; HS: high school 
*Other risk factors include perinatal transmission, receipt of a blood transfusion, or work in a 
laboratory setting. 
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TABLE 3. Estimating regression parameters from the multivariate GEE model. 
Individual Level Covariates 
Covariate 𝐞𝐱𝐩(𝜷&) 
95% CI 
for 𝐞𝐱𝐩(𝜷&) P-value 
Intercept 708.5 589.2, 852.1 <.001 
Sexual contact risk factors    
Male sex with males 1.01 0.90, 1.13 0.910 
Male sex with females 0.90 0.79, 1.03 0.119 
Female sex with males 1.13 1.00, 1.28 0.045 
No sexual contact risk factors Reference – – 
Injection drug use    
Yes 1.00 0.89, 1.13 0.969 
No Reference – – 
Other risk factors*    
Yes 0.97 0.87, 1.09 0.656 
No Reference – – 
Race    
African-American, non-Hispanic 0.91 0.85, 0.98 0.011 
Hispanic, any race 0.69 0.60, 0.79 <.001 
Other 0.91 0.79, 1.06 0.249 
White, non-Hispanic Reference – – 
Age 0.99 0.98, 0.99 <.001 
Tract Level Covariates 
Covariate 𝐞𝐱𝐩(𝜷&) 
95% CI 
for 𝐞𝐱𝐩(𝜷&) P-value 
Proportion with HS diploma or less 0.73 0.62, 0.87 <.001 
HS: high school 
*These include perinatal transmission, receipt of a blood transfusion, or work in a laboratory setting. 
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FIGURE 1. UNC Infectious Disease Clinic patient counts by census tract. 
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APPENDIX 1: Gi* Statistic 
Clustering analyses were completed using the Optimized Hot Spot Analysis tool in ArcMap 
10.5.1. This tool utilizes the Gi* statistic to assess the clustering of specific point features in 
space. The Gi* statistic is a z-score. It can be calculated and compared to a standard normal 
distribution to obtain the significance level of clustering around a certain point. The equation for 





















Most of the above parameters are easily elucidated. The sample weights are calculated using a 
scheme chosen by the Optimized Hot Spot Analysis tool. The “count incidents within fishnet 
polygons” weighting method was selected by the tool in this case. This spatial conceptualization 
increases the weight of neighbors relative to an individual within optimized bounds (which 
resemble a fishnet shape, hence the name). Points located outside of these optimized bounds 
relative to a given individual are assigned a weight of zero. 
The Gi* statistic is calculated for each individual 𝑖 in the sample population. For each 
individual 𝑖, the product of the weights and the values of the covariate of interest are summed 
across all neighbors 𝑗 = 1…𝑛. The covariate value of neighbors with higher weights influence 
the calculation of the Gi* statistic more than the covariate values of those neighbors with low 
weights. This sum is then subtracted from the sum of the weights times the mean value of the 
covariate of interest in the sample population. Therefore, if values of the covariate of interest 
among neighbors 𝑗 = 1…𝑛 near individual 𝑖 differ strongly from the sample population mean, 
individual 𝑖 will have an extreme Gi* value. 
Once Gi* statistics are calculated for each sample member, they are grouped into Gi* 
“bins.” Bin 1 corresponds to test statistics that are significant at the 90 percent confidence level, 
bin 2 corresponds to test statistics that are significant at the 95 percent confidence level, and bin 
3 corresponds to test statistics that are significant at the 99 percent confidence level. Figures 2, 3, 
and 4 display average bin number in each census tract. 
Future studies may conceive of neighborhoods using a different scheme than the one 
selected by the Optimized Hot Spot Analysis tool in this analysis. The Hot Spot Analysis tool in 
ArcMap lends the user more control over parameters like neighborhood conceptualization. It is 
possible that an alternative conceptualization would be more appropriate for these data. 
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APPENDIX 2: Variable Selection 
Candidate variables in the present study describe two “levels” of data: the individual level and 
the census tract level. On the individual level, candidate variables include general demographic 
information (sex, age, race) as well as risk factor behaviors (men who have sex with men, 
injection drug use, heterosexual contact, and other risk factors). On the tract level, candidate 
variables include median age, proportion black population, proportion of single mothers, median 
income, proportion below federal poverty level, and the proportion of the tract population with a 
high school diploma or less education. 
Originally, all of these variables were included in the hypothesized model. However, 
concerns including the presence of structural zeros and collinearity caused a reevaluation of the 
proposed model. I will explain each of these concerns in turn, illustrate them with the study data, 
and propose a solution. I have reported the bivariate associations of each variable with the 
outcome of interest in Table 2. In conclusion, those variables not associated with the outcome are 
eliminated. 
 
Problem 1: Structural Zeros 
This study includes both men and women, but also attempts to correct for the individual level 
HIV risk factor “MSM.” Only men can have this risk factor, so all women in the study 
population would inevitably respond “No” to this risk factor. To circumvent this issue, the sex 
variable has been encoded in the MSM indicator variable. Rather than two levels (“Yes” and 
“No”), the variable has been split into four levels: males who have sex with males (MSM), males 
who have sex with females (MSF), females who have sex with males (FSM), and no sexual risk 
factors. Patients were classified according to this scheme using their sex, their MSM risk factor 
status, and their heterosexual contact risk factor status. There were four possibilities for which 
this re-coding of variables accounted: 1) the patient is a male whose risk factors include MSM 
and heterosexual contact; 2) the patient is a male whose risk factors include heterosexual contact 
but not MSM; 3) the patient is a female whose risk factors include heterosexual contact; and 4) 
the patient has no sexual contact risk factors. The re-coding of these variables is enumerated 
below: 
 
1) The patient is a male whose risk factors include MSM and heterosexual contact. In 
this case, the patient was considered MSM, not MSF. Generally, MSM have much higher 
risks of contracting HIV compared to heterosexual men. In male HIV patients who have 
both MSM and heterosexual contact risk factors, it is more likely that the patient 
contracted HIV through sex with another male than through sex with a female. 
2) The patient is a male whose risk factors include heterosexual contact. In this case, the 
patient was classified as MSF. 
3) The patient is a female whose risk factors include heterosexual contact. In this case, 
the patient was classified as FSM. 
4) The patient has no sexual contact risk factors. In this case, the patient was classified 
simply as “No” – that is, the patient has no sexual risk factors. 
 
The referent category in this case was no sexual risk factors. Using this new coding scheme, the 
structural zeros problem is addressed. 
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Problem 2: Collinearity 
The hypothesized model had a significant weakness in that it considered candidate covariates 
such as tract-level educational attainment, median income, and proportion below the federal 
poverty level as distinct determinants of health. However, these covariates are significantly 
correlated (see Table 1). Thus, the inclusion of all three variables contributes little new 
information to the model that one of these variables couldn’t provide itself. The figure below 
displays the scatterplot correlation between these three variables (Figure 1). 
 
TABLE 4. Correlations between median income, proportion below federal poverty level, and 




























FIGURE 1. Scatterplot matrix displaying relationships between median income, proportion 
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In order to avoid the effects of multicollinearity, two of these three variables were removed from 
the final model. In bivariate analyses (table 2), educational attainment was shown to be 
significantly associated with the outcome of interest (95% CI: 0.55, 0.75), while the other two 
covariates in question were not significantly associated (proportion below FPL, 95% CI: 0.67, 
1.18; median income, 95% CI: 0.99, 1.00). Therefore, educational attainment was retained in the 
final model, while the other two covariates, collinear with educational attainment, were dropped. 
 
In addition to dropping these two variables, other insignificantly associated variables were 
dropped. These include median age, proportion male, proportion of single mothers, and 
proportion of black race in the tract. This approach also helps to address other possible causes of 
collinearity, including the correlation between proportion of single mothers in a census tract with 
the proportion of males in a census tract. 
 
Implementing these solutions 
With these solutions in place, some candidate variables are removed from the model while the 
most essential are retained. At the individual level, the newly-derived sexual contact risk factors 
variable is included, as well as injection drug use, other risk factors, race, and age. At the tract 
level, only the proportion who’ve graduated high school or less is retained in the final model. See 
Table 3 for parameter estimates and confidence intervals. 
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APPENDIX 3: Final Model 
 
ln(E\𝑦+1|census	tract_)
= 𝛽a + 𝛽5(SRF5) + 𝛽>(SRF>) + 𝛽f(SRFf) + 𝛽g(IDU) + 𝛽k(ORF) + 𝛽m(Race5)













EA ≝ tract– level	proportion	with	high	school	diploma	or	less	education 
 
The above model was fit using generalized estimating equations with a log link function, a 
negative binomial distributional assumption, and an exchangeable working correlation matrix, as 
was specified in the results section of this report. The outcome in this model is the natural 
logarithm of the expected value of the CD4 count at entry within a specified tract. Therefore, 
exponentiated parameter estimates are interpreted as mean ratios.  
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APPENDIX 4: Hypothesized Models from Prior Findings 
Based on prior findings by the UNC CFAR Clinical Core (e.g. Lopes et al., 2017), tract-level 
median income and the proportion of a tract below the federal poverty level are associated with 
CD4 count at entry to care. Due to the findings of previous literature, models including the 
aforementioned variables (which were not fit in the primary analysis) were fit below. One model 
includes median income rather than educational attainment as the tract-level covariate. The other 
includes proportion below the federal poverty level rather than educational attainment as the 
tract-level covariate. 
 
TABLE 5. Estimating regression parameters from the multivariate GEE model for additional 
community-level covariates. 
 Model including median income  Model including FPL 
Covariate 𝐞𝐱𝐩(𝜷&) 
95% CI 




for 𝐞𝐱𝐩(𝜷&) P > |Z| 
Intercept 601.2 495.6, 729.3 <.001  652.7 542.8, 784.8 <.001 
SRFs        
Male sex with males 1.01 0.90, 1.13 0.842  1.01 0.90, 1.13 0.849 
Male sex with females 0.89 0.78, 1.02 0.086  0.89 0.78, 1.01 0.080 
Female sex with males 1.12 0.99, 1.27 0.067  1.12 0.99, 1.26 0.080 
No SRFs Ref. – –  Ref. – – 
Injection drug use        
Yes 1.00 0.89, 1.12 0.980  1.00 0.89, 1.12 0.941 
No Ref. – –  Ref. – – 
Other risk factors*        
Yes 0.97 0.87, 1.09 0.591  0.97 0.87, 1.09 0.594 
No Ref. – –  Ref. – – 
Race        
African-American 0.90 0.84, 0.97 0.005  0.90 0.84, 0.97 0.004 
Hispanic, any race 0.68 0.60, 0.78 <.001  0.68 0.59, 0.78 <.001 
Other 0.91 0.78, 1.06 0.221  0.91 0.78, 1.06 0.223 
White Ref. – –  Ref. – – 
Age 0.99 0.98, 0.99 <.001  0.99 0.98, 0.99 <.001 
Median income 1.00 0.99, 1.00 0.135  – – – 
Proportion below FPL – – –  0.90 0.68, 1.19 0.464 
SRFs: sexual contact risk factors; FPL: federal poverty level 
*These include perinatal transmission, receipt of a blood transfusion, or work in a laboratory setting. 
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